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Abstract
The energy management strategy is crucial in improving the fuel economy of hybrid electric vehicles (HEVs). This 
paper targets at evaluating the role of velocity forecasting in the adaptive equivalent consumption minimization 
strategies (ECMS) of HEVs. By predicting the short-term future velocity through a data-driven approach, the energy 
management controller is able to optimize the equivalence factor online and adapt to current driving situations
intelligently. Compared with basic adaptive ECMS approach without velocity forecasting abilities, the proposed 
strategy is able to foresee the change of the driving behaviors and adjust the equivalence factor more reasonably. 
Simulation results show that the adaptive ECMS with velocity forecast ability is more sensitive to the driving profiles, 
and the resultant fuel economy is improved by over 3%.
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1. Introduction
Hybrid electric vehicles (HEVs) are equipped with at least two different energy sources for propulsion 
purposes [1]. The additional degrees of freedom provided by powertrain hybridization enable reduced fuel 
consumption and tailpipe emissions over conventional internal-combustion-engine (ICE) vehicles [2]. The 
increased configuration complexity, however, poses a challenge for efficiently controlling the power flow 
between multiple on-board energy sources. Sophisticated control methods have been investigated to provide 
better fuel consumption performances in HEVs. Among them, the equivalent consumption minimization 
strategy (ECMS) is an instantaneous approach derived from the Pontryagin’s Minimum Principle [3, 4]. 
Due to fast computation and no requirement for the global power request of the driving profile, ECMS is 
potentially implementable in practice. The disadvantage of ECMS is that the equivalence factor, which is 
used to scale the electrical cost and fuel cost, changes depending on different driving tasks. The tuning of 
the equivalence factor would thus be an obstacle in applying ECMS.
Based on the above concern, adaptive ECMS is developed in [5] to facilitate the ECMS method. The 
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main idea of adaptive ECMS is to periodically refresh the control parameters according to the current road 
load, so that the SOC is maintained within the boundaries and the fuel consumption is minimized. Usually, 
a specific length (10 seconds to 60 seconds) of the previous driving load is recorded and used to identify 
the current equivalence factor through numerical searching. The resultant equivalence factor is implemented
to the current or future driving tasks. However in this way, the identified equivalence factor is only suitable 
for the past driving load, and might derive poor performance for the current driving profiles. 
This paper employs a vehicle velocity forecast technique and targets to combine the velocity prediction 
ability with the adaptive ECMS. The role of velocity forecasting in the adaptive ECMS for HEVs is 
investigated to enhance fundamental understanding of this energy management problem. In this paper, we 
assume that the road grade is always zero. Therefore, the power request of the vehicle is determined by the 
vehicle velocity. We also assume that no telemetric devices (like GPS) are equipped in the vehicle to reduce 
the cost of the control system and broaden its application. The velocity forecasting techniques have been 
well studied in the model predictive control of HEVs. In previous study, we compared the statistical, 
stochastic and data-driven forecasting approaches [6]. The data-driven one exhibits the best performance. 
Specifically, artificial neural network (ANN) is able to learn the short term driving behaviors of a vehicle 
and capture its nonlinearity, and thus is selected to serve the adaptive ECMS in this paper.
Nomenclature
ܵ, R radii of the sun gear and ring gear in the planetary gear set, respectively
ɘ௦, ɘோ, ɘ஼ angular speeds of the sun gear, ring gear and carrier, respectively
ܬ௚௘௡, ܬ௘௡௚, ܬ௠௢௧ inertias of generator, engine and motor, respectively
௚ܶ௘௡, ௘ܶ௡௚, ௠ܶ௢௧ torques of the generator, engine and motor, respectively
F internal force on pinion gears of the planetary gear set
݃௙ gear ratio of the final drive
௔ܶ௫௟௘, ௕ܶ௥௔௞௘ torque produced from the powertrain on the drive axle, and friction brake torque
ܴ௪௛௘௘௟, V, m radius of the wheel, velocity of the vehicle, and vehicle mass, respectively
݃, ߠ, ܥ௥ gravity acceleration, road grade, and the rolling resistance coefficient
ଵ
ଶ
ߩܣܥௗ aerodynamic drag resistance
߮ଵ, ߮ଶ, ߮ଷ empirical maps of engine fuel flow, motor efficiency, and generator efficiency
ܫ௕௔௧௧, ܳ௠௔௫ battery current and its maximum capacity, respectively
௕ܲ௔௧௧, ܴ௕௔௧௧ battery power and its resistance, respectively. ௕ܲ௔௧௧ > 0 denotes discharging.
௢ܸ௖ battery open circuit voltage
ܪ Hamiltonian of the optimal control problem
ߣ auxiliary variable of the control system
ܳ௟௛௩, ܧ௕௔௧௧ lower hearing value of the fuel used, energy capacity of the battery
ܿா஼ெௌ feedback coefficient defined in the adaption ECMS law
2. Control Model of the Powertrain
Power-split HEVs, also named as series-parallel HEVs, are dominant in current HEVs market, since it 
has advantages of both series and parallel configurations. Planetary gear sets are often used to implement 
the power splitting functionality [7]. The engine and generator are connected to the planet carrier and the 
sun gear, respectively. A torque coupler is used to combine the ring gear with the motor to power the final 
drive. The kinematic constraint of the angular speeds of the ring gear, sun gear and planet carrier is,
߱௦ܵ +߱௥ܴ = ߱௖(ܵ + ܴ)                                                          (1)
The generator is used to transform the engine power into electricity, which can further charge the battery 
or directly supply the motor. By neglecting the inertia of pinion gears and assuming that all the powertrain 
shafts are rigid, inertial dynamics of the powertrain can be derived as,
ܬ௚௘௡ ቀ
ௗఠ೒೐೙
ௗ௧
ቁ = ௚ܶ௘௡ + ܨ × ܵ                                                          (2)
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ܬ௘௡௚ ቀ
ௗఠ೐೙೒
ௗ௧
ቁ = ௘ܶ௡௚ െ ܨ × (ܵ + ܴ)                                                    (3)
ܬ௠௢௧ ቀ
ௗఠ೘೚೟
ௗ௧
ቁ = ௠ܶ௢௧ െ ( ௔ܶ௫௟௘/݃௙) + ܨ × ܴ                                             (4)
To reduce the complexity of the dynamics for a control-oriented model, inertial losses on the left side of 
equations (2-4) are ignored. Motor torque and vehicle velocity are obtained by,
߱௠௢௧ = (
௚೑
ோೢ೓೐೐೗
) × ܸ                                                                 (5)
݉ቀௗ௏
ௗ௧
ቁ = ்ೌೣ೗೐ା்್ೝೌೖ೐
ோೢ೓೐೐೗
+݉݃ݏ݅݊(ߠ)െ ଵ
ଶ
ߩܣܥௗܸଶ െ ܥ௥݉݃ܿ݋ݏ(ߠ)                             (6)
At each time instant, the supervisory controller tries to find the optimal split between the engine, motor 
and generator so as to minimize the fuel consumption. The fuel rate of the engine and operation efficiencies 
of the motor and generator are extracted from empirical maps, indexed by angular speeds torques,
ሶ݉ ௙௨௘௟ = ߮ଵ(߱௘௡௚, ௘ܶ௡௚), ߟ௠௢௧ = ߮ଶ(߱௠௢௧ , ௠ܶ௢௧), ߟ௚௘௡ = ߮ଷ( ௚߱௘௡, ௚ܶ௘௡)                  (7)
The internal resistance model is used to describe the battery dynamics. The state of charge (SOC) [8, 9] is
calculated by,
SOCሶ = െ(ܫ௕௔௧௧/ܳ௠௔௫), ௕ܲ௔௧௧ = ௢ܸ௖ܫ௕௔௧௧ െ ܫ௕௔௧௧ଶ ܴ௕௔௧௧)                                   (8)
The battery in a power-split HEV is connected through an inverter to supply power for or recuperate 
energy from electrical machines. The terminal battery power is formulated as,
௕ܲ௔௧௧ =
௉೘೚೟
(ఎ೘೚೟ఎ೔೙ೡ)ೖ೘೚೟
+
௉೒೐೙
൫ఎ೒೐೙ఎ೔೙ೡ൯
ೖ೒೐೙, ݇௜ = ൜
   1,   ௜ܲ > 0
െ1,   ௜ܲ ൑ 0
, for ݅ = {݉݋ݐ,݃݁݊}               (9)
Equations (1) to (9) describe the control-oriented model used in the energy management strategy. More 
detailed can be found in [10].
3. Adaptive ECMS and Velocity Forecast
3.1. Adaptive ECMS
For HEVs, the battery is requested to work under a charge-sustaining mode [7]. That is, the terminal battery 
SOC should be equal or close to the initial battery SOC. The objective of the energy management of an 
HEV is to minimize its fuel consumption over the global driving task. Assume SOC is the state variable x, 
engine torque and motor torque are the control variables u, the cost function is as,
 ܬ(ݔ,ݑ) = ׬ ሶ݉ ௙(ݑ)
்
௧బ
݀ݐ, ݔሶ(ݐ) = ݂(ݔ,ݑ), ݕ(ݐ) = ݃(ݔ,ݑ)                            (10)
subject to
ܺ௠௜௡ ൑ ܺ ൑ ܺ௠௔௫, where X= [ ௕ܲ௔௧௧, ܫ௕௔௧௧ ,߱,ܶ… ]                                (11)
ܱܵܥ் = ܱܵܥ௧బ                                                               (12)
The optimal control problem derived from the energy management of a power-split HEV is able to be 
solved by the Pontryagin’s Minimum Principle [4]. According to this theorem, several necessary conditions 
are satisfied if the control law ݑכ(ݐ) is optimal,
1. ݑכ(ݐ) minimizes the Hamiltonian of the optimal control problem,
ܪ(ݔ,ݑ, ߣ) ൒ ܪ(ݔ,ݑכ, ߣ), where ܪ(ݔ,ݑ, ߣ) = ߣ݂(ݔ,ݑ) + ሶ݉ ௙(ݑ)                             (13)
2. The auxiliary variable ߣ satisfies,
ߣሶ = െడு
డ௫
= െడ௙(௫,௨)
డ௫
                                                              (14)
Each solution that satisfies the above conditions is a candidate of the optimal control law. By minimizing 
the Hamiltonian at each time step, the Pontryagin’s minimum principle can help us find a set of solution 
candidates. Particularly, the co-state ߣ determine the equivalence factor between the fuel energy usage
and the electric energy usage. Intuitively, an equivalence factor can be derived from ߣ, which is,
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ݏ(ݐ) = െߣ(ݐ) · ொ೗೓ೡ
ா್ೌ೟೟
                                                              (15)
The equivalence factor defined above acts as single tuning parameter. The fuel economy of the powertrain 
is extremely sensitive to the equivalence factor. However, the optimal equivalence factor depends on the 
driving cycle, which is unknown in real world. The difficulty draws out the adaptive ECMS
By defining a moving block or window, the adaptive ECMS targets at finding the optimal equivalence 
factor for a block of driving profile, and implementing it to the current driving task. Numerically, the 
optimal equivalence factor can be computed by enforcing the battery SOC equal to the initial set value at 
the end of the moving block. Therefore, the battery will work under charge sustaining modes.
The adaptation law is usually defined as,
ݏ(݇ + 1) = ݏ(݇) + ܿா஼ெௌ(ݔ(ݐ଴)െ ݔ(ݐ்))                                           (16)
The current equivalence factor ݏ(݇ + 1) is meant to be applied in the current moving block of the driving 
profile, after a modification based on the previous equivalence factor ݏ(݇).
3.2. Velocity Forecast
In the basic format of adaptive ECMS, the previous driving profile is adopted for the current equivalence 
factor calculation. However, the past driving profile sometimes is very different from the current driving 
profile. Obtaining information to forecast the future driving trends is helpful in improving the performance 
of adaptive ECMS. The section introduces a data-driven vehicle velocity forecast technique based on the
radial basis function neural network (RBF-NN) [11]. We intend to combine the velocity forecast method 
with the adaptive ECMS of HEVs.
The radial basis function in the hidden layer is defined with Gaussian function and the output layer is 
defined with a linear function. 
ܽଵ = exp (െԡ௡ି௖ԡ
మ
ଶ௕మ
), where ݊ =ܹܽ଴ + ܾ                                          (17)
where ܽଵ and ܽ଴ are neural outputs of the current layer and prior layer, ݊ is the accumulator output, ܿ is 
the neural net center and ܾ is the spread width. Each input-output pattern of the network-based velocity 
forecast method is composed of a moving window with fixed length, which can be expressed as,
[ ௞ܸାଵ, ௞ܸାଶ, … , ௞ܸାு೛] = ோ݂஻ி[ ௞ܸିு೓ାଵ, … , ௞ܸ]                                        (18)
The RBF-NN needs to learn from existing driving profiles to grasp the driving behavior features. Usually, 
this is called training. With the historical speed sequence injected into a trained RBF-NN, the predictor is 
able to forecast reasonable short-term future driving trends. The accuracy analysis can be found in [6].
Fig. 1. Testing driving cycle.
4. Simulation and Results
The role of velocity forecasting in the adaptive ECMS is evaluated in this section. The parameters of the 
vehicle powertrain is from [12]. The length of the moving block used in the adaptive ECMS is set as 60
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seconds. The length of the prediction horizon of the RBF-NN velocity predictor is set as 20 seconds.
Standard driving cycles UDDS, US06, JN1015 and HWFET are used to train the RBF-NN model for 
velocity forecasting. Two situations are considered. The first situation is a basic adaptive ECMS approach, 
where the past 60-second driving profile is used for equivalence factor searching. The second situation is 
adaptive ECMS with velocity forecast ability equipped. The predicted driving profile together with the past 
60-second driving profile are used for the equivalence factor searching. The testing driving cycle is shown 
in Fig. 1. The comparison of simulation results between these two situations are shown in Fig. 2. 
     
(a) Equivalence factors.                                                      (b) Battery SOC trajectory.
Fig. 2. Equivalence factor and battery SOC trajectory comparison. Blue line indicates the simulation result from the basic adaptive 
ECMS, red line indicates the simulation result from the adaptive ECMS with velocity forecasting ability. (a)
As we can see, the basic adaptive ECMS is able to continuously correct the equivalence factor as the 
vehicle drives on. The terminal battery SOC is guaranteed within an acceptable range around the requested
value. As for the adaptive ECMS approach with velocity forecasting ability enabled, the equivalence factor 
spreads more broadly than the basic adaptive ECMS. The sense of forecasting provides future information
for the ECMS controller. Especially, when the driving behavior is changing significantly (e.g. from 
accelerating to decelerating), the second situation is able to foresee this change and adjust the equivalence
factor in time. In this way, better fuel economy can be obtained. The SOC trajectory is closer to the reference 
value (0.6) compared with the based adaptive ECMS. Besides, the adaptive ECMS with forecast case 
satisfies the terminal SOC constraint better.
The fuel economy is assessed by comparing with the optimal benchmark result calculated from dynamic 
programming (DP). As we can see from Table 1, the velocity forecast ability can improve the global fuel 
economy by over 3% by average, without increasing any hardware costs of the vehicle. The computation 
of the forecast process is small, thus the on-board controller is able to accomplish the additional calculation 
burden. Experimental results will be presented in the future study.
Table 1. Fuel consumption comparison (normalized in percentage)
Controllers Cycle in Fig. 2 WVUSUB NEDC Artemis-urban Average
Dynamic Programming 100% 100% 100% 100% 100%
Adaptive ECMS 87.7% 90.2% 88.4% 89.1% 88.8%
Adaptive ECMS with forecast 90.1% 95.0% 89.8% 91.9% 91.7%
5. Conclusions
This paper evaluates the role of velocity forecasting in adaptive ECMS of HEVs. Radial basis function 
neural network is employed to learn the driving behaviors from sample driving profiles. Then it’s used to 
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forecast short-term future velocities and provide references for the controller under new driving situations. 
With the forecasted future velocity information, the adaptive ECMS is able to adjust its equivalence factor 
more intelligently. Terminal battery SOC constraints are better respected. Simulation results show that the 
proposed energy management strategy achieve 3% better fuel economy compared with the basic adaptive 
ECMS. Future work involves with assessing the role of velocity forecast under more driving cycles and 
situations.
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